The barebones differential evolution (BBDE) is a new, almost parameter-free optimization algorithm that is a hybrid of the barebones particle swarm optimizer and differential evolution. Differential evolution is used to mutate, for each particle, the attractor associated with that particle, defined as a weighted average of its personal and neighborhood best positions. The performance of the proposed approach is investigated and compared with differential evolution, a Von Neumann particle swarm optimizer and a barebones particle swarm optimizer. The experiments conducted show that the BBDE provides excellent results with the added advantage of little, almost no parameter tuning. Moreover, the performance of the barebones differential evolution using the ring and Von Neumann neighborhood topologies is investigated. Finally, the application of the BBDE to the real-world problem of unsupervised image classification is investigated. Experimental results show that the proposed approach performs very well compared to other state-of-the-art clustering algorithms in all measured criteria.
Introduction
Particle swarm optimization (PSO) Kennedy and Eberhart, 1995) and differential evolution (DE) (Storn and Price, 1995) are two stochastic, population-based optimization methods, which have been applied successfully to a wide range of problems as summarized in Engelbrecht (2005) , Kennedy et al. (2001) and Price et al. (2005) . It is, however, the case that the performance of these methods are greatly influenced by their control parameters. Empirical and theoretical studies have shown that the convergence behavior of PSO is strongly dependent on the values of the inertia weight and the acceleration coefficients (Clerc and Kennedy, 2002; van den Bergh, 2002; van den Bergh and Engelbrecht, 2006) . Wrong choices of values for these parameters may result in divergent or cyclic particle trajectories. The performance of DE, on the other hand, is influenced mainly by the scale parameter and the probability of recombination. Although recommendations for values of these parameters have been made in the literature (based on empirical studies) (Storn and Price, 1997) , these values are not universally applicable. The best values for DE control parameters remain problem dependent, and need to be fine tuned for each problem.
A number of variations of both PSO and DE have been developed in the past decade to improve the performance of these algorithms (Engelbrecht, 2005; Kennedy et al., 2001; Price et al., 2005) . One class of variations includes hybrids between PSO and DE, where the advantages of the two approaches are combined. This paper empirically analyzes another PSO-DE hybrid algorithm proposed by the authors (Omran et al., 2007) , which combines concepts from the barebones PSO (Kennedy, 2003) and the recombination operator of DE. The resulting algorithm, referred to as the barebones DE (BBDE) eliminates the control parameters of PSO and replaces the static DE control parameters with dynamically changing parameters to produce an almost parameter-free, self-adaptive, optimization algorithm. Furthermore, the performance of the BBDE using the ring and Von Neumann neighborhood topologies is investigated. Finally, a BBDE-based clustering algorithm is proposed and applied to the real-world problem of unsupervised image classification with promising results.
The remainder of the paper is organized as follows: differential evolution is summarized in Section 2. Section 3 provides an overview of PSO and variants used in this paper. Several PSO and DE hybrids are discussed in Section 4. The barebones DE (BBDE) is presented in Section 5. Section 6 presents and discusses the results of the experiments. The problem of unsupervised image classification is investigated in Section 7. Finally, Section 8 concludes the paper.
Differential evolution
Differential evolution (DE) is an evolutionary algorithm proposed by Storn and Price (1995) other evolutionary algorithms (EA), it differs significantly in the sense that distance and direction information from the current population is used to guide the search process. DE uses the differences between randomly selected vectors (individuals) as the source of random variations for a third vector (individual), referred to as the target vector. Trial solutions are generated by adding weighted difference vectors to the target vector. This process is referred to as the mutation operator where the target vector is mutated. A recombination, or crossover step is then applied to produce an offspring which is only accepted if it improves on the fitness of the parent individual.
The basic DE algorithm is described in more detail below with reference to the three evolution operators: mutation, crossover, and selection.
Mutation: For each parent, x i (t), of generation t, a trial vector, v i (t), is created by mutating a target vector. The target vector, x i 3 ðtÞ, is randomly selected, with i 6 ¼ i 3 . Then, two individuals x i 1 ðtÞ, and x i 2 ðtÞ are randomly selected with i 1 6 ¼ i 2 6 ¼ i 3 6 ¼ i, and the difference vector, x i 1 À x i 2 , is calculated. The trial vector is then calculated as
where the last term represents the mutation step size. In the above, F is a scale factor used to control the amplification of the differential variation. Note that F 2 (0, 1).
Crossover: DE follows a discrete recombination approach where elements from the parent vector, x i (t), are combined with elements from the trial vector, v i (t), to produce the offspring, l i (t). Using the binomial crossover,
where j = 1,. . ., N d refers to a specific dimension, N d is the number of genes (parameters) of a single chromosome, and r $ U(1, . . ., N d ). In the above, p r is the probability of reproduction (with p r 2 [0, 1]). Thus, each offspring is a stochastic linear combination of three randomly chosen individuals when U(0, 1) < p r ; otherwise the offspring inherits directly from the parent. Even when p r = 0, at least one of the parameters of the offspring will differ from the parent (forced by the condition j = r).
Selection: DE evolution implements a very simple selection procedure. The generated offspring, l i (t), replaces the parent, x i (t), only if the fitness of the offspring is better than that of the parent. Storn (1996) and Storn and Price (1997) proposed ten different strategies for DE based on the individual being perturbed, the number of individuals used in the mutation process and the type of crossover used. The strategy described above is known as DE/ rand/1, meaning that the target vector is randomly selected, and only one difference vector is used. This strategy is considered to be the most widely used and it is the one used in this paper. Other main strategies include DE/best/1, DE/best/2, DE/rand/2 and DE/ rand-to-best/1. The notation, DE/x/y, is used where x represents the individual being perturbed and y is the number of difference vectors used to perturb x. For a detailed discussion of these strategies, the reader is referred to Storn (1996 Abbass et al. (2001) proposed an approach where a new value is sampled for the scale factor for each application of the mutation operator. The scale factor is sampled from a Gaussian distribution, F $ N(0, 1). This approach is also used in Rönkkönen et al. (2005) and Qin and Suganthan (2005) . In Qin and Suganthan (2005) , the mean of the distribution was changed to 0.5 and the deviation to 0.3 (i.e. F $ N(0.5, 0.3)), due to the empirical results that suggest that F = 0.5 provides on average good results. Liu and Lampinen (2002) proposed a fuzzy DE where the values of the control parameters (i.e. F and p r ) are adapted using fuzzy logic. Human knowledge and previous experience are used to establish the fuzzy rules and membership functions. A problem with this approach is that it is not very objective, and depends on how good the knowledge of the expert is. Abbass (2002) proposed the Self-adaptive Pareto DE (SPDE), a self-adaptive approach to DE for multi-objective optimization problems. In SPDE, the parameter F is generated for each variable from a normal distribution, N(0, 1). Each individual, i, has its own probability of reproduction, p i . The parameter p i is first initialized for each individual in the population from a uniform distribution between 0 and 1. Then, p i is adapted as p i ðtÞ ¼ p i 1 ðtÞ þ Nð0; 1Þ Â ðp i 2 ðtÞ À p i 3 ðtÞÞ; ð2Þ
where i 1 , i 2 , i 3 $ U(1, . . ., s), and i 1 6 ¼ i 2 6 ¼ i 3 . According to Abbass (2002) , the proposed approach performed well compared to other evolutionary multi-objective optimization approaches. Omran et al. (2005c) proposed a self-adaptive DE strategy which makes use of the approach in Eq. (2) to dynamically adapt the scale factor. The mutation operator changes as follows:
where F i ðtÞ ¼ F i 4 ðtÞ þ Nð0; 0:5Þ Â ðF i 5 ðtÞ À F i 6 ðtÞÞ with i 4 6 ¼ i 5 6 ¼ i 6 and i 4 , i 5 , i 6 $ U(1, . . ., s).
The crossover probability can be sampled from a Gaussian distribution as discussed above, or adapted according to Eq. (2).
Particle swarm optimization
Particle swarm optimization (PSO) Kennedy and Eberhart, 1995) is a stochastic, populationbased optimization algorithm modeled after the simulation of social behavior of bird flocks. In a PSO system, a swarm of individuals (called particles) fly through the search space. Each particle represents a candidate solution to the optimization problem. The position of a particle is influenced by the best position visited by itself (i.e. its own experience) and the position of the best particle in its neighborhood (i.e. the experience of neighboring particles). Particle position, x i , are adjusted using
number of parameters of a single individual v i current velocity of particle i y i personal best position of particle î y i neighborhood best position of particle iŷ position of the global best particle w PSO inertia weight c 1 and c 2 are the PSO acceleration coefficients s population size f denotes the function being optimized t denotes time or time steps 
where w is the inertia weight (Shi and Eberhart, 1998) , c 1 and c 2 are the acceleration coefficients, r 1,j , r 2,j $ U(0, 1), y i is the personal best position of particle i, andŷ i is the neighborhood best position of particle i. The neighborhood best positionŷ i , of particle i depends on the neighborhood topology used (Kennedy, 1999; Kennedy and Mendes, 2002 
where s is the swarm size. The resulting algorithm is referred to as the global best (gbest) PSO. For the ring topology, the swarm is divided into overlapping neighborhoods of particles. In this case,ŷ i is the best position found by the neighborhood of particle i. The resulting algorithm is referred to as the local best (lbest) PSO. The Von Neumann topology defines neighborhoods by organizing particles in a lattice structure. A number of empirical studies have shown that the Von Neumann topology outperforms other neighborhood topologies (Kennedy and Mendes, 2002; Peer et al., 2003) . It is important to note that neighborhoods are determined using particle indices, and are not based on any spatial information.
A large number of PSO variations have been developed, mainly to improve the accuracy of solutions, diversity, and convergence behavior (Engelbrecht, 2005; Kennedy et al., 2001 ). This section reviews those variations used in this study, from which concepts have been borrowed to develop a new, almost parameter-free PSO algorithm.
van den Bergh and Engelbrecht (2006) and Clerc and Kennedy (2002) proved that each particle converges to a weighted average of its personal best and neighborhood best position, that is,
This theoretically derived behavior provides support for the barebones PSO (BB) developed by Kennedy (2003) . The BB replaces Eqs. (3) and (4) with
Particle positions are therefore randomly selected from a Gaussian distribution with the mean given as the weighted average of the personal best and global best positions, i.e. the swarm attractor. Note that exploration is facilitated via the deviation, y i;j ðtÞ Àŷ j ðtÞ, which approaches zero as t increases. In the limit, all particles will converge on the attractor point. Kennedy (2003) also proposed an alternative version of the BB, referred to as BBExp in this paper, where Eqs. (3) and (4) are replaced with
; jy i;j ðtÞ Àŷ j ðtÞj if Uð0; 1Þ > 0:5 y i;j ðtÞ otherwise
Based on the above equation, there is a 50% chance that the j th dimension of the particle dimension changes to the corresponding personal best position. This version of PSO biases towards exploiting personal best positions.
PSO and DE hybrids
Hendtlass (2001) used the DE perturbation approach to adapt particle positions. Particle positions are updated only if their offspring have better fitnesses. That is (assuming a minimization problem),
The DE reproduction process is applied to the particles in a PSO swarm at specified intervals. At the specified intervals, the PSO swarm serves as the population for a DE algorithm, and the DE is executed for a number of generations. After execution of the DE, the evolved population is then further optimized using PSO. Kannan et al. (2004) applied DE to each particle for a number of iterations, and replaces the particle with the best individual obtained from the DE process. Zhang and Xie (2003) and Talbi and Batouche (2004) 
) and y 1 (t) and y 2 (t) are randomly chosen personal best positions. Then,
) (assuming a minimization problem).
Barebones differential evolution
Both PSO and DE have their strengths and weaknesses. One of the problems which both algorithms share is that control parameters need to be optimized for each new problem, as best parameter values are problem dependent. PSO has the advantage that formal proofs exist to show that particles will converge to a single attractor. The barebones PSO utilizes this information by sampling candidate solutions, normally distributed around the formally derived attractor point. Additionally, the barebones PSO has no parameters to be tuned. DE has the advantage of not being biased towards any prior defined distribution for sampling mutational step sizes and its selection operator follows a hill-climbing process. Mutational step sizes are determined as differences between individuals in the current population. Furthermore, very efficient selfadaptive DE strategies have been developed that eliminate the need for optimizing control parameters.
The barebones DE strategy proposed in this section capitalizes on these strengths of both the barebones PSO and self-adaptive DE strategies, to form a new, efficient hybrid optimization algorithm. For the barebones DE, position updates are done as follows: x i;j ðtÞ ¼ p i;j ðtÞ þ r 2;j Â ðx i 1 ;j ðtÞ À x i 2 ;j ðtÞÞ if Uð0; 1Þ > p r y i 3 ;j ðtÞ otherwise
where from Eq. (6), p i;j ðtÞ ¼ r 1;j ðtÞy i;j ðtÞ þ ð1 À r 1;j ðtÞÞŷ i;j ðtÞ ð 10Þ with i 1 , i 2 , i 3 $ U(1, . . ., s), i 1 6 ¼ i 2 6 ¼ i, r 1,j , r 2,j $ U(0, 1) and p r is the probability of recombination. Referring to Eq. (10), p i (t) represents the particle attractor as a stochastic weighted average of personal best and global best positions, borrowing from the barebones PSO. Referring to Eq. (9), the mutation operator of DE is used to explore around the current attractor, p i (t), by adding a difference vector to the attractor. Crossover is done with a randomly selected personal best, y i 3 , as these personal bests represent a memory of best solutions found by individuals since the start of the search process. Also note that the scale factor is a random variable. Using the position update in Eq. (10), for a proportion of (1 À p r ) of the updates, information from a randomly selected personal best, y i 3 , is used (facilitating exploitation), while for a proportion of p r of the updates step sizes are mutations of the attractor point, p i (facilitating exploration). Mutation step sizes are based on the difference vector between randomly selected particles, x i 1 and x i 2 . Using the above, the BBDE achieves a good balance between exploration and exploitation. It should also be noted that the exploitation of personal best positions does not focus on a specific position. The personal best position, y i 3 , is randomly selected for each application of the position update.
Experimental results
This section compares the performance of the barebones DE (BBDE) with that of the two barebones PSO algorithms discussed in Section 3, a PSO using the Von Neumann neighborhood topology, and the DE/rand/1/bin strategy. For the DE, F = 0.5 and p r = 0.9, as suggested in Storn and Price (1997) . For the PSO algorithms, w = 0.72 and c 1 = c 2 = 1.49. These values have been shown to provide very good results (Clerc and Kennedy, 2002; van den Bergh, 2002; van den Bergh and Engelbrecht, 2006) .
For all the algorithms used in this section, s = 50. All functions were implemented in 30 dimensions except for the two-dimensional Camel-back function. Unless otherwise specified, these values were used as defaults for all experiments which use static control parameters. The initial population was generated from a uniform distribution in the ranges specified below.
The following functions have been used to compare the performance of the BBDE with that of other methods. These benchmark functions provide a balance of unimodal and multimodal functions.
For each of these functions, the goal is to find the global minimizer, formally defined as
The following functions were used: A. Sphere function, defined as
where x * = 0 and f(x * ) = 0 for À100 6 x i 6 100. B. Schwefel's Problem 2.22 (Yao et al., 1999) , defined as
where x * = 0 and f(x * ) = 0 for À10 6 x i 6 10. C.
Step function, defined as
where x * = 0 and f(x * ) = 0 for À100 6 x i 6 100. D. Rosenbrock function, defined as
where x * = (1,1, . . . ,1) and f(x * ) = 0 for À30 6 x i 6 30. E. Rotated hyper-ellipsoid function, defined as
; where x * = 0 and f(x * ) = 0 for À100 6 x i 6 100.
F. Generalized Swefel's Problem 2.26 (Yao et al., 1999) , defined as
where x * = (420.9687, Á Á Á, 420.9687) and f(x * ) = À12569.5 for À500 6 x i 6 500. G. Rastrigin function, defined as
where x * = 0 and f(x * ) = 0 for À5.12 6 x i 6 5.12. H. Ackley's function, defined as f ðxÞ ¼ À20 exp À0:2 ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi ffi 1 30
where x * = 0 and f(x * ) = 0 for À32 6 x i 6 32. I. Griewank function, defined as f ðxÞ ¼ 1 4000
where x * = 0 and f(x * ) = 0 for À600 6 x i 6 600. J. Six-hump Camel-back function, defined as
where x * = (À0.08983, 0.7126), (À0.08983, 0.7126) and f(x * ) = À1.0316285 for À5 6 x i 6 5.
Sphere, Schwefel's Problem 2.22, Rosenbrock and rotated hyper-ellipsoid are unimodal, while the Step function is a discontinuous unimodal function. Schwefel's Problem 2.26, Rastrigin, Ackley and Griewank are difficult multimodal functions where the number of local optima increases exponentially with the problem dimension. The Camel-back function is a low-dimensional function with only a few local optima.
The results reported in this section are averages and standard deviations over 30 simulations. Each simulation was allowed to run for 50,000 evaluations of the objective function. The statistically significant best solutions have been shown in bold (using the z-test with a = 0.05). Table 1 summarizes the results obtained by applying the different approaches to the unimodal benchmark functions. The results show that the DE is the best performer followed by the BBDE. Thus, the BBDE performed better than (or at least equal to) the other PSO strategies in all the unimodal functions. Fig. 1 illustrates results for selected functions. For the Sphere function, Fig. 1a shows that the BBDE achieved a faster reduction in fitness than the other algorithms. For the Rotated hyper-ellipsoid function, Fig. 1b shows that the DE reached a good solution faster than the other approaches. The BBDE was slower than the DE but better than the remaining approaches. The barebones PSO algorithms had problems with the Rotated hyper-ellipsoid function, with results significantly worse than that of the other approaches. Fig. 2 illustrates diversity for selected functions. Diversity has been calculated using
where x j ðtÞ is the average of the jth dimension over all individuals, i.e.
x ij ðtÞ:
For the Sphere function, the BBDE exhibited the fastest reduction in diversity enabling it to converge faster than the other approaches. For the Rotated hyper-ellipsoid function, both the BBDE and DE exhibited the fastest reduction in diversity. The BBExp was the slowest in diversity reduction which might cause its slow convergence. Table 2 summarizes the results obtained by applying the different approaches to the multimodal functions. The results show that the BBDE performed better than (or at least equal to) the other methods in all the test functions except the Rastrigin function where the BBExp found a better solution. Fig. 3a shows that the VN achieved the fastest reduction in fitness when applied to the Rastrigin function, nevertheless, the BBExp reached a better solution. The DE had problems with the Rastrigin function, with results significantly worse than that of the other methods. Fig. 4a depicts the diversity for the Rastrigin function. The figure shows that the BB has the lowest diversity which explains its premature convergence behavior. On the other hand, the DE has the highest diversity, hence, it needs more time to converge to a good solution. For the Griewank function, Figs. 3b and 4b show that the BBDE exhibited the fastest reduction in fitness and diversity but does not prematurely converge as in the case for the BB. 
Effect of noise on performance
This section investigates the effect of noise on the performance of BBDE. The noisy versions of the benchmark functions are defined as f Noisy ðxÞ ¼ f ðxÞ þ Nð0; 1Þ;
where N(0, 1) represents the normal distribution with zero mean and standard deviation of one. Tables 3 and 4 summarize the results obtained for the noisy problems for the unimodal and multimodal functions, respectively. Table 3 shows that for the Sphere, Schwefel Problem 2.22 and Step functions, the BBDE was less prone to noise than the other approaches. Table 4 shows that the BBDE retained its position as the best performer when applied to multimodal functions even in the presence of noise. The only exception is the noisy Rastrigin function where BBExp outperformed the BBDE. Hence, compared to the other tested approaches, the BBDE seems to be less badly affected by noise. This is a significant improvement over the DE which is known to be badly affected by the presence of noise (Krink et al., 2004) . There are two expected reasons for this improvement. The first is that the BBDE does not use a deterministic selection mechanism. Deterministic selection is expected to be a main factor for the DE deficiency when applied to noisy problems (Krink et al., 2004) . The second reason is that the BBDE uses a random scaling factor that enables it to be more stochastic and, thus, has a better exploration capability than the conventional DE. Being less prone to noise is an important advantage for the BBDE given that optimizing noisy or imprecise functions occurs in many engineering applications.
Scalability study
When the dimension of the functions increases from 30 to 100, the performance of the DE degraded significantly as shown in Tables 5 and 6. The results show that the BBDE is the best performer followed by the VN. enabling it to converge faster than the other approaches. For the Rotated hyper-ellipsoid and Rastrigin functions (Figs. 6b and c) , the BB exhibited the fastest reduction in diversity resulting in its premature convergence. In general, the BBExp was the slowest in diversity reduction which might cause its slow covergence.
Influence of p r on the performance of BBDE
The performance of the barebones DE has been evaluated for p r 2 {0.1, 0.3, 0.5, 0.7, 0.9}. Table 7 summarizes the results. The results suggest that smaller values of p r (i.e. p r = 0.1) are preferable for unimodal functions while p r = 0.7 yields the best results for multimodal functions. In general, p r = 0.7 seems to generate the best results when applied to the benchmark problems. On the other hand, p r = 0.9 degraded the performance of the BBDE significantly.
The effect of using different strategies to calculate p r is summarized in Table 8 . The two strategies investigated were as follows:
A. Parameter-free BBDE (PFBBDE): The same strategy as the BBDE, except that p r $ N (0.5,0.15). The rationale behind using a normal distribution N(0.5, 0.15) for p r is that N(0.5, 0.15) will generate values in the range of [0.5 À 3 Â 0.15, 0.5 + 3 Â 0.15] which covers the p r boundary giving more probability to values surrounding 0.5. The reason for preferring values surrounding 0.5 is that p r = 0.5 represents a uniform crossover (i.e. there is an equal probability that the new offspring will be chosen from either the mutated attractor point or from a randomly chosen personal best).
B. Dynamically adjustable BBDE (DBBDE):
The same strategy as the BBDE, except that p r = t/t max , where t is the current iteration and t max is the maximum number of iterations. Thus, p r is dynamically adjusted by increasing it linearly over time. Hence, the initial small value of p r favors exploration in the early stages, and exploitation in the later stages. Table 8 shows that BBDE and PFBBDE performed comparably for all the benchmark functions. In addition, they generally performed Table 7 Influence of p r on the performance of BBDE better than the DBBDE for all the functions except for the Rastrigin function. Fig. 7 
Using neighborhood topologies with BBDE
The effect of neighborhoods on DE has been investigated by Omran et al. (2005c) . The results in Omran et al. (2005c) showed that using the ring neighborhood topology (Fig. 8a) with DE (known as DE/lbest/1) generally improves the performance of DE. On the other hand, as already stated, using the Von Neumann topology (Fig. 8b) with PSO generally improves the performance of PSO. The purpose of this subsection is to investigate the performance of the BBDE using the ring and Von Neumann neighborhood topologies.
The two proposed variants are as follows: A. VNBBDE: For the VNBBDE,ŷ i ðtÞ in Eq. (10) Table 9 summarizes the results obtained by applying the different methods to the benchmark problems. The results show that the BBDE outperformed the other strategies when applied to the Rotated hyper-ellipsoid and Rastrigin functions. On the other hand, for the Rosenbrock function, the VNBBDE was the best performer. For the Schwefel Problem 2.26, the RBBDE outperformed the other approaches. The three approaches performed comparably when applied to the remaining functions.
Unsupervised image classification
Unsupervised image classification is the process of identifying groups of similar image primitives. These image primitives can be pixels, regions, line elements and so on, depending on the problem encountered. Many basic image processing techniques such as quantization, segmentation and coarsening can be viewed as different instances of the clustering problem (Puzicha et al., 2000) .
Herein the terminology used throughout the rest of the paper is defined. A measure is given to quantify the quality of a clustering algorithm, after which the BBDE-based clustering algorithm is introduced.
Define the following symbols:
N b denotes the number of spectral bands of the image set. N p denotes the number of image pixels. N c denotes the number of spectral classes (as provided by the user). z p denotes the N b components of pixel p. m j denotes the centroid (mean) of cluster j.
Measure of quality
Different measures can be used to express the quality of a clustering algorithm. The most general measure of performance is the quantization error, defined as
where C k is the kth cluster, and n k is the number of pixels in C k .
The BBDE-based clustering algorithm
In the context of data clustering, a single individual represents the K cluster centroids. That is, each individual x i is constructed as x i = (m i,1 , . . ., m i,k , . . ., m i,K ) where m i,k refers to the kth cluster centroid vector of the ith individual. Therefore, a population represents a number of candidate data clusterings. The quality of each individual is measured using
where Z i is a matrix representing the assignment of patterns to the clusters of individual i. Each element z i,k,p indicates if pattern z p belongs to cluster C k of individual i (in which case z i,k,p ). Also,
is the maximum average Euclidean distance of individuals to their associated clusters, and d min ðx i Þ ¼ min 8k;kk;k6 ¼kk fdðm i;k ; m i;kk Þg is the minimum Euclidean distance between any pair of clusters. In the above, n i,k is the number of patterns that belong to cluster C i,k of individual i. The fitness function in Eq. (11) has as objective to simultaneously minimize the intra-cluster distance between patterns and their cluster centroids, as quantified by d max ðZ i ; x i Þ and the quantization error, as quantified by J e , and to maximize the intercluster distance between any pair of clusters, as quantified by,
According to the definition of the fitness function, a small value of f(x i , Z i ) suggests compact and well-separated clusters (i.e. good clustering).
The BBDE clustering algorithm is summarized in Fig. 9 . Fig. 9 . The BBDE clustering algorithm.
Simulation results
The BBDE-based clustering algorithm has been applied to three types of imagery data, namely synthetic, MRI and LANDSAT 5 MSS (79 m GSD) images:
Synthetic image: Fig. 10a shows a 100 Â 100 8-bit gray scale image created to specifically show that the BBDE algorithm does not get trapped in the local minimum. The image was created using two types of brushes, one brighter than the other. MRI image: Fig. 10b shows a 300 Â 300 8-bit gray scale image of a human brain, intentionally chosen for its importance in medical image processing. Remotely sensed imagery data: Fig. 10c shows band 4 of the fourchannel multispectral test image set of the Lake Tahoe region in the US. Each channel is comprised of a 300 Â 300, 8-bit per pixel (remapped from the original 6 bit) image. The test data are one of the North American Landscape Characterization (NALC) Landsat multispectral scanner data sets obtained from the U.S. Geological Survey (USGS).
The performance of the BBDE is compared to K-means (Forgy, 1965) , FCM (Bezdek, 1980) , a PSO clustering algorithm (Omran et al., 2005b) , a DE clustering algorithm (Omran et al., 2005a) , BB and BBExp. The fitness function for PSO, DE, BB, BBExp and BBDE is defined in Eq. (11). For DE, PSO, BB, BBExp and BBDE, 50 individuals were trained for 100 iterations; for the other algorithms 5000 iterations were used (i.e. all algorithms have performed 5000 function evaluations). For K-means, FCM and PSO, the parameters were set as in Omran (2005) . For DE, the parameters were set as in Fig. 10 . The original images and the segmented images resulting from the BBDE clustering algorithms. Omran et al. (2005a) . The results are summarized in Table 10 . These results are averages and standard deviations over 20 simulation runs. Table 10 shows that BBDE generally outperformed K-means and FCM in d min and d max , while performing comparably with respect to J e . The DE, PSO, BB and BBExp and BBDE showed similar performance, However, compared to DE and PSO, the BB, BBExp and BBDE almost require no parameter tuning. Thus, these approaches are the best choices to use. The segmented images resulting from the BBDE-based clustering algorithms are shown in Fig. 10 .
Conclusions
This paper investigated a new population-based algorithm, as a hybrid of the barebones particle swarm optimizer (PSO) and differential evolution (DE). The particle position update is changed to probabilistically base a new position on a randomly selected personal best position, or a mutation of the particle attractor (i.e. weighted average of the personal best and neighborhood best). The BBDE does not make use of the standard PSO parameters (i.e. inertia weight, acceleration coefficients, and velocity clamping), and also removes the DE scale parameter. The only parameter is the probability of recombination. The approach was tested on ten benchmark functions where it generally performed very well compared to the other approaches. This paper investigated the effect of noise on the performance of BBDE and found that the BBDE is less prone to noise than the other approaches. Empirical results show that, in general, the BBDE provided the best results when applied to high-dimensional problems. Moreover, using different neighborhood topologies with BBDE was investigated. Finally, a clustering approach using BBDE was proposed. The BBDE clustering algorithm has as objective to simultaneously minimize the quantization error and intra-cluster distances, and to maximize the intercluster distances. The BBDE clustering algorithm was compared against K-means, FCM, DE, PSO, BB and BBDE with encouraging results.
